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Does Federal Crop Insurance lead to higher farm debt use? Evidence from the Agricultural Resource Management Survey (ARMS)
Federal crop insurance (FCI) has become a key component of US farm policy. In farm bill negotiations in 2012 and 2013, crop insurance emerged as the preferred form of farm financial support for many farm sector participants. The Agricultural Act of 2014 ("new farm bill") cemented FCI as a pillar of US farm policy. Like other farm programs, FCI carries the potential to influence the behavior of market participants in various ways, and the change in behavior has important implications for the ability of farm policy to meet its stated goals, as well as potential adverse impacts. A vast literature has considered market responses to FCI and related programs, including adverse selection and moral hazard (Just et al., 1999) , land uses decisions (Claassen et al., 2011; Turvey, 2012) , farm structure (O'Donoghue, Roberts, and Key, 2009) and land values (Ifft, Wu, and Kuethe, 2014) . FCI participation could also affect financial decisions, as it impacts both total farm income and income variability. Theoretical and empirical research on risk balancing has shown that farm operations might increase financial risk in response to a decline in business risk, but there is limited empirical research on the relationship between current government programs that decrease business risk and farm financial risk levels. In this article we consider how the FCI program might be influencing farm debt use, one of the key financial decisions made by farm operators.
Farm Policy and Federal Crop Insurance
FCI is administered as a "public-private partnership", where private companies offer a variety of insurance policies. Indemnity risk is shared by the government and insurance companies, and subsides are provided for administration of the program and a share of the premium based on total coverage. A total of almost 296 million acres were enrolled in a FCI program in 2013, with 4 well over half of all acreage of most major agricultural commodities being enrolled. Premium subsides were $7.3 billion in 2013, about 62% of the total premium. This share has been relatively constant over the past decade (Risk Management Agency, 2014) . One of the roles of the subsidies is to ensure sufficient enrollment, which can serve to lower total costs if risk can be spread across a large insurance pool. Total (net) government costs for the program have been estimated to approximately $4 billion per year from 2001 to 2012, and in addition the premium subsidies and other costs, the government can incur underwriting loss or gains (Barnaby, 2013) . For a more detailed review of the FCI program, see Glauber (2013) .
The growth of crop insurance has coincided with a decline in the importance of other farm programs. Over the past decade, payments linked to market prices averaged about 22% of total farm program payments, and countercyclical payments and loan deficiency payments were less than one percent of farm program payments in 2012 (Economic Research Service, 2014 .
In the Agricultural Act of 2014, FCI was strengthened and direct payments were eliminated for almost all commodities. The Price Loss Coverage (PLC), Agricultural Risk Coverage, and Supplemental Loss Coverage (SLC) programs were all authorized and will be paid out based on market prices and/or yields.
Direct payments, as well as other programs, have been theorized to facilitate access to credit (Westcott and Young, 2004) . One study found empirical evidence for this claim, in that that farms with a larger share of base acre faced slightly smaller interest rates for short term loans (Kropp and Whitaker, 2011) . Direct payments in particular may have been considered a reliable source of income that could be used to service debt. Direct payments are paid based on historic acreage of eligible commodities or a farm's base acres and remained relatively steady and were much smaller relative to revenues and expenses for most field crops in recent years compared to a 5 decade ago. A study by Ifft et al. (2012) found that elimination of direct payments would not lead to a substantial decline in the financial position of the majority of farms receiving direct payments.
Given the declining importance of direct payments and other farm programs over the last decade, crop insurance and related programs may have an even larger role in farm financial decisions than prior research would suggest.
Crop insurance and risk balancing
Crop insurance has been shown to potentially improve the financial health of agricultural lenders and farm operations. A study by Lee and Djogo (1984) found that crop insurance could reduce loan losses for agricultural lenders. Pfleuger and Barry (1986) found that crop insurance participation could improve liquidity and farm survival for a representative highly leveraged farm.
However, Skees and Nutt (1988) found purchasing crop insurance could be detrimental to highly leveraged farms once lower levels of loss ratios are taken into account. These findings, which are largely based on simulations, might be less relevant under current FCI program parameters but point to important financial implication of the current FCI program. For lenders or producers concerned with reducing loan default risk, FCI can be an important risk management tool.
Risk balancing theory, however, predicts an increase in financial risk or debt use in response to both the income and risk reduction aspects of the FCI program. Gabriel and Baker (1980) first demonstrated that government policies that decrease business risk for a farm operation could induce the operation to take on additional financial risk, limiting the effectiveness of the original policy to decrease the total risk faced by the farm sector. Business risks are defined as risks that are independent of financing decisions. Farms might also take private actions, such as technology adoption, that decrease business risk but allow for additional financial risk. For the agricultural sector, most business risks would be related to various sources of price and yield risk.
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Use of FCI, by design, can decrease both price and yield risk. Financial risks for the farm sector largely stem from risks related to debt financing and are formally defined as the change in the variability of cash flows due to debt financing and cash leasing. Collins (1985) further formalized this concept and also considered the introduction of policies that increase income levels. Featherstone et al (1988) use a mean variance model to determine the leverage response to risk reducing or income augmenting polices. Using a theoretical model, they found that farm policies can cause a large enough increase in leverage that the probability of negative returns to equity also increases.
Several studies have since extended these theoretical papers, but here we will briefly summarize a few key empirical findings. Various studies have shown evidence of risk balancing in the farm sector, although few if any have considered the impact of government programs, which can lower business risk, on financial risk. Moss (1990) found that an increase in expected farm sector returns or a decrease in expected variance of returns could lead to an increase aggregate debt, which indicates that the farm sector debt use responds to business risk in a manner consistent risk balancing. Jensen and Langemeier (1996) found that the variance in real operating profit, a key measure of business risk, can affect leverage. Escalante and Barry (2003) Ifft et al. (2013) suggested that federal crop insurance now plays an increasingly important role in the farm safety net and found that farms that participate in federal crop insurance have a higher credit default risk. However, this 7 result is only suggestive as farm characteristics that could impact both debt use decisions and FCI participation are not controlled for.
Methodology
Ideally, from the researcher's perspective, farm operations could be randomly assigned crop insurance coverage as a part of a controlled experiment. Treatment effects, or the impact of crop insurance on debt use, could then be identified by observing differences in an outcome variable between identical pairs of subjects assigned to "treatment" and "control" groups. Outside of a controlled experiment, however, treatment effects are difficult to observe because treatment and control groups are not independently assigned. Further, the same factors that determine whether a subject receives treatment or not may impact differences in the outcome variable. Like many farm programs, FCI has been implemented at the national level and participation is available to virtually all farms and is voluntary.
In our case, a farmer likely decides whether to purchase crop insurance based on the same factors that determine the farm's debt level. To take into account the simultaneity of these decisions, we use two approaches to test the relationship between debt use and FCI participation.
We first use propensity score matching to estimate the difference in debt use between farm operations with and without FCI coverage. We then use a seemingly unrelated regression to explicitly model joint determination of farm debt structure, or different measures of financial risk, and crop insurance participation.
Propensity Score Matching
Propensity score matching (PSM) was developed by Rosenbaum and Rubin (1983) to simulate a controlled experiment framework for non-randomly assigned groups. PSM is derived from the equation
where Y is the outcome variable and D is a binary variable that indicates whether the observation belongs to the treatment (D = 1) or control (D = 0) group. An observation can be in only one state, so the matching procedure attempts to estimate the unobservable counterfactual E(Y0 | D = 1). In our case, the unobserved counterfactual is the impact of not purchasing crop insurance on farm debt levels for farms that that actually purchase crop insurance.
The control group in our study is farms that did not purchase crop insurance. Rosenbaum and Rubin (1983) demonstrate that if treatment is determined by some set of covariates X, a control can be identified that is similar in X relative to the treatment group. Formally, this relationship is defined as:
The matching estimator pairs treated observations with one or more observationally similar non-treated observations, and pairings are based on the similarities of the covariates. The procedure yields accurate treatment effects when the outcomes are independent of the selection process after conditioning on the covariates. The conditional mean independence implies that:
The matching procedure, however, can be difficult to implement directly when a large number of covariates are required, and conditional mean independence typically requires a large set of covariates. Rosenbaum and Rubin (1983) suggest that, instead of conditioning on all the elements of X, one may condition on a one-dimensional function of the covariates. This onedimensional function -the propensity score -can be estimated through discrete choice methods.
The propensity score implies that if Y0 is independent of selection when conditioned on X, then it 9 is also independent of selection when conditioned on the probability of selection on X. This is formally defined as:
While originally developed for the natural sciences, PSM methods have grown in popularity in agricultural and applied economics. Recent examples include the treatment effect of risk management tool adoption on farm-level profit (Kuethe and Morehart, 2012a) , contracting on prices received (Katchova, 2010) , credit constraints on productivity (Briggeman, et al., 2009 ), farmland preservation on farmland conversion (Lynch and Liu, 2007) , and food aid programs on food consumption (Gilligan and Hoddinott, 2007) .
PSM requires that no single covariate or combination of covariates can guarantee treatment. More formally, for a set of covariates X, the probability of treatment is strictly greater than 0 and strictly less than 1 (
). This condition must hold for each treated observation to have the potential of an analogue among the untreated observations. The impact of being treated is only valid for observations within the common support. Alternatively, the propensity scores for treated and untreated observations are positive and the distributions of propensity scores intersect. Propensity score matching also relies on the "selection on the observables" assumption, or the assumption that farm operations that have been matched based on observable characteristics are the same in relation to all relevant factors that influence both debt use and federal crop insurance participation. While this assumption has been shown to hold in some studies (Dehejia and Wahba, 2002) , in others it does not, and ultimately causality cannot always be definitely established (Smith and Todd, 2005) . While we cannot implement a controlled experiment to validate our results, we are able to match farm operations on a large set of characteristics. One major factor for PSM to be consistent with the results of a controlled experiment is the size and detail of the dataset being used. In this study will take advantage of a large, nationally-representative farm survey.
The first step of PSM is to estimate each producer's propensity for purchasing Federal crop insurance. The purchase decision, as it relates to farm characteristics, can be expressed:
where Prob(Y = 1) is the probability that the operation receives treatment, X a set of observable farm and operator characteristics, β a set of unknown parameters relating the observable characteristics to the probability of treatment, and ε the residual. Equation (5) is estimated through a logit model using the delete-a-group jackknife (Kott, 1998).
Seemingly Unrelated Regression
Seemingly unrelated regression (SUR) allows us to jointly estimate a more comprehensive set of measures of financial risk and crop insurance participation. This approach was used by Escalante et al (2009) in an analysis of the sustainable growth challenge model that jointly estimated several financial determinants of growth. While SUR admits a less flexible functional form than PSM, it allows for joint modeling of crop insurance and multiple debt use decisions that are closer to actual farm-level debt structure decisions. Given that farms make multiple decisions about debt structure, it is likely that joint estimation will account for the relationship between these decisions better than PSM. To implement the SUR model, we assume that each measure of financial risk or debt use decision , denoted by subscript , is a linear function of the insurance participation decision by farm , ( ), as well as the same explanatory variables ( ) used to measure insurance participation as in the PSM model:
The SUR model assumes non-zero covariance for the errors terms across all , equations, or debt use decisions, for farm observation , or ( , ) = . The model also assumes
The feasible generalized least-squares algorithm that addresses heteroscedastic disturbances described in Greene (2003) is used to estimate the model. We estimate one SUR model with three measures of absolute debt levels: real estate debt, non-real estate long term debt, and short term debt. The other model estimates three ratios or measures of relative of debt use, specifically debt-to-asset ratio, current ratio, and the ratio of total operating debt to total operating expenses. Standard errors are calculated using a cluster bootstrap, with clusters drawn at the strata level, following the recommendations of Weber and Clay (2013) . This approach allows us to estimate the standard errors implied by SUR while still accounting for ARMS survey design.
Data
We examine the relationship between federal crop insurance and farm debt use using recent data from the 2011 Agricultural Resource Management Survey (ARMS). ARMS is an annual survey of farm and ranch operators conducted by the USDA to obtain information about the status of farmer's finances and resource use (Kuethe and Morehart, 2012b) . Our analysis is limited to farm businesses, defined in this study using the same official USDA definition used by Ifft, Kuethe and Morehart (2013) , which includes (1) farms where the principal operator's primary occupation is farming (removing all "limited-resource," "retirement," and "residential/lifestyle" farms), (2) farms with sales over $250,000 and/or (3) non-family farms. ARMS stratified sample design requires weighted estimation of sample statistics, and we use the standard delete-a-group jackknife procedure of Kott (1998) for our PSM model.
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We define treatment as the purchase of at least some amount of federal crop insurance, and our analysis suggests that approximately 30% of farm businesses meet this definition (Table 1) . It is important to note, however, that over half of farm businesses (51%) derive the majority of their revenue from livestock production (beef cattle, hog, poultry, dairy, and general livestock) and an additional 10% derive the majority of their revenue from specialty crops, such as tobacco, fruits and tree nuts, vegetables, and nursery and greenhouse (Table 1) .
There is a well-established literature that examines farm and farm operator characteristics that influence federal crop insurance purchase decisions. For PSM models, it is recommended that covariates are based on economic theory and previous research and also should not be influenced by the insurance participation decision (Caliendo and Kopeinig, 2008) , and this approach was followed in our selection of covariates. Matching quality or "balancing" of covariates across the treatment and control groups is also important for PSM estimation. One approach recommended by Caliendo and Kopeinig (2008) is to use t-tests determine if means of covariates are not statistically different after the propensity score is calculated. For our selected covariates, nearly half are not statistically different after matching. While ideally all covariates should be balanced, in practice there are tradeoffs between balancing covariates and omitting variables that are important determinants of the key decision variable (Caliendo and Kopeinig, 2008) . For comparability across our PSM results and SUR results, we elected to use the same set of covariates for each modeling approach based on the literature. While the level of balancing in our PSM analysis may be less than ideal, covariates are substantially more balanced after the matching procedure and results can be interpreted in a more relevant economic framework. The summary statistics for the covariates for estimating the logit model for the propensity to purchase federal crop insurance and the explanatory variables for the SUR Model ( ) are provided in Table 1 .
Previous empirical studies demonstrate a statistically significant relationship between crop insurance purchasing decisions and farm acreage (Sherrick, et al., 2004) , percent of acreage dedicated to cropland production (Coble, et al., 1996) , the ratio of owned to total operated acres (Valendia, et al., 2009; Mishra and El-Osta, 2002; Sherrick, et al., 2004) , off farm income (Velandia, et al., 2009) , operator age (Sherrick, et al., 2004) , and operator education (Sherrick, et al., 2004) . In addition, Velandia, et al. (2009) and Mishra and El-Osta (2002) show regional variation in insurance adoption rates, and as a result, we account for regional differences using Economic Research Service (ERS) defined Farm Resource Regions (Heimlich, 2000) . In addition,
we control for differences in farm production specialty (Farm type) and scale (Sales class).
[ TABLE 1 ABOUT HERE] Figure 1 shows that farms that purchase at least some level of Federal crop insurance coverage are associated with higher debt levels. The average level of debt for farms with Federal crop insurance is roughly 225% higher than for farms without and approximately 93% than the average for all farms (with and without debt). This pattern is also consistent when observing either long-term-non-real estate and real estate debt -and short-term loan debt. Short-term debt -debt associated with production loans -can be further divided into debt that remains at the end of 2011 (outstanding) and short-term debt that includes all debt paid before the end of the calendar year (all). Debt relative to assets is 50% higher for farms that purchase Federal crop insurance compared to those that do not. In 2011 farms that purchased Federal crop insurance had a debt-to-asset ratio of 0.12, while those that did not had a debt-to-asset ratio of 0.08.
[FIGURE 1 ABOUT HERE]
However, it is important to note that the simple summary statistics can be deceiving. Farms with certain characteristics, including financial position, may be more likely to purchase crop 14 insurance, and these same characteristics may also drive decisions related to debt. This endogeneity may bias the simple summary statistics and provides motivation for using both PSM and SUR approaches to estimate the effect of crop insurance on farm debt levels.
Results
The logit estimates suggest that Federal crop insurance purchases are associated with a number of farm and farm operator characteristics (Table 2) . Farms with a larger share of cropland acres to total acres operated are more likely to purchase Federal crop insurance. In addition, farmers with higher levels of education, compared to the base category of "some high school," are more likely to purchase Federal crop insurance. The sales class categorical variables indicate that the probability of purchasing Federal crop insurance decreases as the volume of farm sales decreases. The categorical variables for farm type also show a significant effect relative to the omitted category "general cash grain." A number of farm types are associated with a lower chance of adoption: soybean, general crop, vegetables, nursery and greenhouse, beef cattle, hogs, poultry, dairy, and general livestock. Similarly, the regional indicator variables demonstrate regional variability in Federal crop insurance uptake relative to the omitted "Heartland" region. Farms in the Northern Great Plains were more likely to purchase crop insurance, yet a negative effect was found for farms located in the Northern Crescent, Eastern Uplands, Southern Seaboard, Fruitful Rim, and Basin and Range regions. The reported residual deviance, an approximation of goodness of fit, suggests that the model provides a reasonable fit to the data and, therefore, is a good predictor of Federal crop insurance participation (Greene, 2003 Appendix B, Manning, 2007 .
[TABLE 2 ABOUT HERE]
The treated observations, those who purchase at least some level of Federal crop insurance coverage, are then matched to the control group based on the weighted logit propensity scores. The 15 impact of crop insurance on farm debt at the operation level is estimated as the average treatment effect on the treated (ATT). Following Equation (2), ATT is expressed:
ATT was calculated using an R program that employs nearest neighbor matching, with replacement. The estimated ATT for various definitions of farm business debt are reported in Table   3 . The table reports the estimated level of farm debt, its standard error, and a t-test for the difference between treatment and control groups.
[TABLE 3 ABOUT HERE]
The ATT estimates suggest a statistically significant increase in short term debt. The results suggest a nearly $64,000 increase in short-term debt outstanding at the end of 2011, but when the short term debt paid throughout the calendar year is also included (all), the ATT increases by more than $214,000. This is an increase by about 2.6 to 3 times the average farm-level short term debt in 2011, respectively. The ATT for the level of total debt relative to total assets (farm debt to asset ratio) also suggests a statistically significant increase at 0.03. This effect may be driven by short term debt use, as the ATT for the level of total short term debt relative to total operating expenses also suggests a strongly statistically significant increase of 0.14. In contrast to the simple summary statistics reported in Figure 1 , the ATT for total and long-term -real estate and non-real estatefarm business debt, as well as the current ratio, are not statistically significant. After farm characteristics are taken into account, total long term debt use is not related to crop insurance participation. In sum, the relationship between leverage and crop insurance may largely be driven by differences in short term debt use.
While the SUR results (Table 4) in some cases have a slightly lower level of statistical significance than the PSM, they are largely consistent. The differences between our SUR and PSM 16 may be due to different functional forms being used. SUR imposes a linear relationship, which may be more restrictive, especially when lending behaviors affected by risk preferences are being analyzed. The differences may also be due to SUR being able to take into account the simultaneity associated with different debt use decisions. The Breusch-Pagan test statistics reported in Table 4 indicate that the error terms across the different equations are indeed not independent. Depending on actual behavior, taking into account broader measures of debt use may show more or less of a relationship with FCI participation.
The results suggest that FCI participation is associated with an almost $22,000 increase in short-term debt outstanding at the end of 2011, and an almost $16,000 increase in non-real estate long term debt. These measures are only statistically significant at the 10 percent level, and similar to the PSM results, FCI participation does not have a statistically significant impact on real estate debt. While FCI participation does not have a statistically significant impact on the current ratio and leverage in the SUR model of financial ratios, the impact on the ratio of short term debt to operating expenses is remarkably similar to that of the PSM model. FCI participation is associated with a 0.13 increase in short term debt relative to operating expenses, and this result is statistically significant at the five-percent level.
Overall, our results are consistent with risk balancing behavior, but not across all types of debt use. Crop insurance covers business risks within a single growing season, and risk balancing appears to be occurring for financial risk within the same period as opposed to longer term financial risks. One possible explanation for our finding of a nonexistent or weak relationship of FCI participation and long-term debt use is our reliance on cross sectional data available through the ARMS survey. ARMS is not a longitudinal study, and hence we do not examine the dynamic relationship between insurance adoption and long-term debt use, which is an important topic for future research.
However, the observed relationship between production loans and FCI participation is consistent with current trends in the farm sector. Access to short term debt or production loans may have been especially important for farm operations over the past decade, as farm expenses have increased substantially. In real terms, US farm sector cash expenses increased 127 percent Together, these trends are consistent with FCI playing a key role in facilitating access to production credit in recent years.
Our results are also consistent with bankers who allow producers to use crop insurance policies as collateral for operating loans. Bankers may even require crop insurance for access to a line of credit. If this is a key factor in the relationship between debt use and FCI participation, then producers may be exhibiting less risk balancing behavior than implied by our results. Alternatively, FCI could potentially bring credit use to socially optimal levels if credit constraints are present in the farm sector. Credit constraints are associated with an estimated 3 percent decline in value of farm production (Briggeman et al., 2009 ), yet commercial banks have recently reported relatively weak loan demand (Henderson and Akers, 2012) . These are important topics for future research, as they may be a complimentary or competing explanations for risk balancing as a cause of the strong relationship between short term debt use and federal crop insurance participation.
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Conclusion
US farms that use federal crop insurance use more short term debt than farms without insurance. This behavior is consistent with risk balancing and also is robust to controlling for multiple farm characteristics. Propensity score matching and SUR models allows us to consider debt levels between similar farms with and without federal crop insurance coverage. Short term debt as a share of operating expenses is 0.13-0.14 higher for these farms and use of short term loans is also higher. However, higher levels of long term debt are generally not associated with FCI participation. These findings may be related to growing use of short term debt to cover increasing farm production expenses.
Different methodologies can be used to characterize the relationship between debt use and farm policy, and approaches that further address the simultaneity of crop insurance and debt decisions should be considered. Although our paper does not fully establish causality or that debt levels are higher than they would have been without FCI, policy shocks or instrumental variable approaches could be used in future research. Use of panel data in particular would allow for changes in behavior over time to be analyzed, and could elucidate whether or not debt use has been increasing in response to availability of FCI or if FCI is being adopted to accommodate increasing debt use. The presence of credit constraints and the potential role of crop insurance in alleviating credit constraints should be further explored. The role of lender versus farmer preference in the relationship between debt use and crop insurance also merits further research. If lenders are driving FCI participation, farm operators may not be exhibiting as much risk balancing behavior as implied by our results.
Agricultural lending standards are generally conservative and the farm sector as a whole currently has historically low leverage . In addition to our result that FCI participation is not related to long term debt use, this implies that the increase in average debt use in response to FCI may not be a threat to the financial health of the farm sector. However, if one of the goals of the FCI program is to lower the risk that is faced by farm operations, our results indicate that the reduction in total risk facing the farm sector is significantly less than the decline in risk provided by FCI. The impacts of the FCI program on farm financial decisions are an important consideration for policymakers as the debate on US farm policy continues. 
